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H I G H L I G H T S
• Significant rise in E. coli observed downstream of each WWTP compared to upstream • Proposed hydro-ecological model computes affected downstream length for each WWTP.
• Various WWTP configurations evaluated based on their total impact on the river • As a planning tool, the model reduces failing water quality targets in time/space.
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Introduction
Surface water quality is affected by land use, river morphology, climate and anthropogenic contamination (Lenart-Boroń et al., 2017; Huang et al., 2014; Pall et al., 2013) . Pathogenic microorganisms such as Escherichia coli (E. coli) or Cryptosporidium are some of the major threats to the hygienic quality of freshwater resources (Othman et al., 2015) . Fecal bacteria (E. coli) enter river networks from point and diffuse sources such as wastewater treatment plants (WWTP) and farmlands (Sanders et al., 2013; Brendel and Soupir, 2017) and serve as indicators of microbial pollution (Anderson et al., 2005) . WWTPs effluent discharge bacteria into the receiving rivers (Anastasi et al., 2012; Rahzia and Pool, 2012) where the natural processes controlling growth and removal regulate populations.
WWTPs are built where convenient: near a river or canal downslope of serviced populations (Massoud et al., 2009; Muga and Mihelcic, 2008) . Despite renewed interest in pathogenic microbes following the antibiotic crisis (French, 2010) , the threats associated with multiresistant strains of facultative pathogenic bacteria found in systems receiving treated water (Müller et al., 2018; Magalhães et al., 2016 ) have yet to inform the planning of WWTPs or the location of their discharge. While treatment technology exists to reduce in-stream sewage-borne bacteria (Lüddeke et al., 2015; Jäger et al., 2018) , auxiliary measures maximizing dilution and self-purification could also be exploited. We suggest that positioning effluent discharge strategically along river networks will improve water quality.
Together with the distribution of the sources and sinks of bacteria, the stochastic climate and the accumulating flows downstream create a complex patchwork of bacterial concentrations along river networks (Jamieson et al., 2004; Kang et al., 2010) .The fate of microbes in rivers are controlled by transport, settling, sorption/desorption and re-suspension as shown in Fig. 1a (Ghimire and Deng, 2013; Drummond et al., 2014 Drummond et al., , 2015 . Temperature controls growth (Price and Sowers, 2004; Nedwell, 1999) while exposure to UV (Hijnen et al., 2006) or grazing by filter feeders e.g. can limit populations (Meltz Steinberg and Levin, 2007; Weekers et al., 1993) . These processes are in turn influenced by the amount of water flowing; settling will take longer in deeper waters near the outlet but UV exposure will be more efficient in the shallow waters of the smaller streams. The network structure itself could thus be an important driver of microbes concentrations.
Disinfection in WWTPs reduces bacterial concentrations, but advanced disinfection technologies are expensive and limited to wealthier communities. Disinfection is essential to achieve the goals for microbial contamination put forth by advisory or regulatory bodies such as the World Health Organization or the European Union. The typical reduction of E. coli in primary and secondary activated sludge treatment are 2 and 3 log10 units while ozonation combined with granulated activated charcoal can remove as much as 4 log10 units (Lüddeke et al., 2015) . However, these advanced technologies are expensive and can not be implemented everywhere (Gehr et al., 2003) . Hence, an affordable alternative would be to optimize the WWTP size and distribution to dilute concentrates and favor natural purification. Many studies have surveyed bacterial concentrations in river networks (Gregory and Frick, 2000; Solo-Gabriele et al., 2000) and synoptic data document the influence of point-sources on downstream bacterial concentrations (Vilanova et al., 2002; Aristi et al., 2015) . However, these studies do not shed light on the relationship between the effluent's location on the network and the extent of the contamination. We propose a simple (and thus economical) modeling approach that can estimate the length affected by undesirable bacterial concentrations downstream of point-sources located anywhere on a network.
Many existing models can predict microbial pollution in river networks (e.g., Soil and Water Assessment Tool -SWAT (Arnold and Fohrer, 2005) , Hydrological Simulation Program Fortran -HSPF (Benham et al., 2006) , Bayesian Neural Networks -BNN for E. coli and LOAD ESTimator -LOADEST (Dwivedi et al., 2013) , SPAtially Referenced Regression On Watershed -SPARROW (Puri et al., 2009) ). However, these models are often highly distributed and include processes ranging from stream flow generation to sediment/nutrient transport and biofilm growth making them computationally expensive (Jamieson et al., 2004; Zhang et al., 2013; White and Chaubey, 2005) . In order to parameterize the processes involved, these models require large input data (e.g. dissolved oxygen, nutrients, suspended solids, chlorophyll, etc.) that may not be known, resulting in equifinal solutions. By contrast, our model includes a simple routing procedure that can be calibrated with precipitation and stream gauge data available in many places. We extract and characterize the river network from Digital Elevation Models (DEMs), which are also commonly available. Once the hydrological model is calibrated, the entire network can be studied under dynamic stochastic forcing and uncommon situations can be simulated, such as rare large events e.g. We conducted spatial and temporal sampling campaigns for in-stream cultivable and total E. coli concentration in a small catchment in Germany (Lockwitzbach) to constrain model parameters. We used our calibrated model to conduct virtual sampling and inverse modeling along the network to evaluate the indentifiability of the parameters. The length of the reach with concentrations higher than a safe criterion downstream of a point-sources can be computed and mapped out. Our approach can help minimize WWTPs impact on water quality by optimizing their location and load distribution for a given catchment and population and can also be used to study the temporal dynamics of contamination under evolving forcing for prescribed point-sources.
Methods
Our modeling framework is divided into 3 steps: a river network extraction step, a hydrological routing module and a vulnerability calculator, providing in fine the spatial and temporal variability of the length affected by E. coli downstream of WWTPs. E. coli concentration is controlled by the loading and in-stream removal processes (Ouattara et al., 2011; Garcia-Armisen and Servais, 2009) , illustrated in Fig. 1a. A schematic of the hydrological model is presented in Fig. 1b. 
Study area
Lockwitzbach is a tributary of the Elbe in East Germany near Dresden (mean specific discharge: 4.1 Ls −1 km −2 ). The mainstream is 40 km long and the catchment is approximately 84 km 2 . A large portion of the effluent from the largest treatment plant in the catchment (Gombsen) is from the Kreischa hospital and contains high concentrations of both microcontaminants (e.g. pharmaceuticals) and microorganisms (Benisch et al., 2017; Heß et al., 2018) . The catchment has six WWTPs, illustrated in Fig. 2 which cater to a total population of 16,300 and follow the standard activated sludge treatment process with no particular disinfection step (e.g. ozonation, UV etc). The average total discharge of treated effluent released into the river network is ≈30 l/ s(Source: Treatment plant inventory of the state of Saxony).
Extraction of the river network
Our model uses a deterministic eight neighbors (D8) method and standard terrain processing tools to obtain the flow direction and accumulation from a filled DEM. We adjusted the critical source area (the threshold for first-order stream inception values) such that the computed network corresponds to maps and field surveys. For Lockwitzbach, we used a 30 m resolution DEM and the extracted drainage had a good match with the shapefile from the open source repository at Geofabrik.de. The slope, flow length, stream order, connectivity, total upstream area and distance to the river mouth were computed from the DEM and the extracted network.
Climate data
From the precipitation data available from Stadtentwaesserung Dresden (SEDD) and the German weather service for the stations shown in Fig. 2 , we generated probability density functions (PDF) of inter-arrival time between events and rainfall depth (Fig. 3) . At the catchment scale, these PDFs are historically consistent and we assumed rainfall events to be independent (Mendoza-Resendiz et al., 2013) . In the case of Lockwitzbach, we used three years of rainfall time series from 2014 to 2017 at 5 min resolution (gap filled) as training data and the PDFs followed a power law. Artificial climate timeseries can then be generated by sampling the empirical distributions (Gao et al., 2018) . We used this stochastic climate generator to model climate data for longer periods than available in the record.
For a small catchment like Lockwitzbach, rainfall was assumed to be uniformly distributed. Rainfall was partitioned between evaporation and flow, so that effective rainfall could be calculated from our stochastic data. We assumed evapo-transpiration (ET) to be constant year over year and censored the hyetographs by the amount of ET. The effective rainfall is taken as (1 -K ET ) of the total rain for all events where K ET represents the fraction of total precipitation lost due to evapo-transpiration. For Lockwitzbach, we calculated K ET from the observed rainfall and flow data for 2014-2017. Since we were interested in computing the critical low flow scenarios and long term safe zones, we ignored seasonality in this study. However, seasonal patterns can easily be integrated by independently evaluating the climate data for each season Muneepeerakul et al., 2010) . Our approach can then be used separately for each season and the overall best WWTP distribution evaluated.
Flow
The model uses a simple two-reservoir in parallel for flow generation (Fig. 1b) , a fast response reservoir representing overland and rapid interflow, and a slow reservoir representing deeper groundwater flow paths. We studied available hydrographs to find the recession constants for the two reservoirs. We performed joint calibration using flow data from two gauging stations -Lockwitz and Kreischa to calculate the range of constants K 1 and K 2 (Fig. 1b) .
The model computes mean specific discharge from the effective rainfall time series which is further interpolated over the network ( Eqs. (1), (2)). Note that the flow is a function of the position on the network and time and is essentially calculated by convolving the effective rainfall with a travel time distribution, or response function of the catchment, represented here with a two-bucket model. Based on available information on the spatial distribution of rainfall, flow gauges, sub-catchment properties and catchment size, the model can work in a lumped or semi-distributed configuration. For larger catchments, each sub-catchment could be calibrated independently for granular flow generation. However, considering the size of Lockwitbach where land use and soil type are rather homogeneously distributed, we ran the model in lumped configuration assuming the parameters to be uniform in the catchment scale (Blöschl et al., 1995; Woods et al., 1995) .
where MSD is the mean specific discharge in Ls −1 m −2 , ER is effective rainfall in mm/day, K 1 is the recession constant for surface flow in 1/day, K 2 is the recession constant for sub-surface flow in 1/day, K 12 is the partition coefficient between the fast and slow reservoirs. K 1 is taken as 0.35/day and K 2 as 0.05/day. The partition coefficient K 12 was calibrated from the available data to yield the best fit of the modeled and observed streamflow time series. Q x,t is the flow in l/s at point x and time t and A x is the upstream area in m 2 draining to point x on the network; subscripts (x and t) represent space and time and uc is the conversion unit (1 day/ 86,400 s) to express MSD in Ls −1 m −2 . The wastewater volume discharged into the river network is added in the total discharge based on the chosen treatment plant configuration.
Width, depth, velocity
We used Leopold's equation (Eq. (3)) to calculate the channel width over time and space.
where w is the width (m) and Q is the flow (m 3 /sec). We used various studies (Ceola Serena et al., 2014; Raymond et al., 2012) to calibrate a and b. The best-fit values for Lockwitzbach were 2.388 and 0.438 respectively. We compared the model generated cross-section width with the actual channel width at the 16 locations shown in Fig. 2 and found less than ≈25% discrepancy.
We used Manning's equation to calculate flow depth, assuming rectangular cross-section (Eq. (4)):
where y is the depth (m), w is the width (m), n is the roughness coefficient, Q is the flow (m 3 / s) and S is the bed slope. The bed slope was calculated from the GIS analysis of the DEM, so that depth is the only unknown. An average Manning's number for rough open channels of 0.035 (Clifford et al., 1992; Speight, 1965 ) is used in the entire Lockwitzbach catchment. Based on available data, spatially varied n can be provided as input. Having calculated Q, width and depth at all points on the network, we could then also find the water velocity by v x,t = Q x,t /CS x , where CS x is the cross section area of the stream in m 2 .
Sampling
To ascertain the impact of WWTPs on E. coli's distribution, we conducted a spatial sampling campaign in September 2017 along the Lockwitzbach. We chose to collect sediment samples because compared to surface water-borne concentrations, the concentration of E. coli in sediments is more resistant to short-term variations in flow. The sampling period has a low flow, and thus a high effluent to stream flow ratio leading to a strong impact of the effluent on water quality. We collected sediment samples in duplicates from 16 locations upstream and downstream of the WWTPs (Fig. 2) and analyzed them for total and cultivable E. coli through plating and quantification of the yccT gene by means of qPCR. To study the spatiotemporal variability in E. coli concentration and get estimates of mean in-stream loss parameter in the water column (K d ), we collected water and sediment samples at least once a month between September 2016 and April 2017 (25-10-2016, 22-11-2016, 13-12-2016, 10-01-2017, 14-02-2017, 06-03-2017, 09-04-2017) , upstream and downstream of the Gombsen WWTP. We also conducted monthly Virtual Sampling Experiments (VSE) (Besmer et al., 2017; Skeffington et al., 2015; Wisz et al., 2008 ) with sample size 8 over a three years period to quantify the uncertainty and identifiability of the in-stream loss parameter. The 83 VSE combinations were bootstrapped to yield uncertainty estimates.
Identification of hotspots
The model uses a mass balance approach to estimate the local instream E. coli concentration along each reach (space between two nodes), (Eq. (5)) which is illustrated in the conceptual figure of model in-stream loads and hotspot definition (Fig. 4) . For identifying the most vulnerable reaches in the network, a load input (WWTP) is considered separately at every node (junction between two reaches) and the downstream affected lengths are calculated until the concentration of E. coli in the water column is less than the standard limit for recreational water. The model uses a default safe concentration of 126 CFU/100 ml as prescribed by the Environment Protection Agency (2012). C a , C b and C e are the concentration of bacteria in the reaches a, b and e respectively, and a load of P CFU/time is discharged into reach d. Using mass balance the concentration is calculated for the reaches d, f and further downstream until C is less than C threshold . Flow length required to attain the prescribed safe concentration is denoted as the hotspot length ' L'. In-stream processes considered in the model are dilution and E. coli loss (retention in the river) along the flow path.
where P d and P input are the loads of E. coli upstream of reach d and at the input effluent, respectively. C i , Q i , t i are the E. coli concentration (CFU/m 3 ), flow (m 3 / s) and the travel time ( s) in reach i. K d is the in-stream E. coli loss constant (1/ s) which is the average K d computed from E. coli concentrations in the water samples collected from the upstream, effluent and downstream of the Gombsen treatment plant. We computed K d using mass balance considering advection, dilution and in-stream retention. Our lumped first-order loss constant accounts for settlement as the dominant process along the flow path (Gao et al., 2011; Leff et al., 1998) . In case of microbial contaminant like E. coli, the other relevant process under low (critical) flow are bacterial growth, grazing by filter feeders, and inactivation due to exposure to UV light which are also known to follow firstorder kinetics (Hijnen et al., 2006) . The major processes controlling E. coli concentrations are illustrated in Fig. 1a . Assuming instantaneous mixing at all junctions, the concentration of E. coli upstream of node d is
and time taken to travel through d is
where, Length d is the reach length and V d is the flow velocity. We used the 75th and 95th percentile of K d values to compute the range of maximum microbial pollution in the river (worst case scenarios) and also to understand the sensitivity of affected lengths to K d . Multiple short sampling campaigns can be conducted to ascertain the variation of in-stream loss constant and establish functional relationships with factors like temperature, presence of organic carbon, composition, and grain size distribution of the river bed.
Based on the E. coli concentrations found in the effluent of WWTPs, the average input concentration of cultivable E. coli for the entire catchment is taken as 2500 CFU/100 ml (Ajonina et al., 2015) . The model assumes WWTPs are the only E. coli inputs to the network and ignores the diffused sources. The contributing population living in the upstream area of the catchment is used to calculate input load to the stream if a WWTP was at that reach. In case of multiple point sources (WWTPs), the user can distribute the plants based on geographic and anthropogenic constraints. The model scores each proposed configuration with n treatment plants based on the total effective hotspot length L (where, L = n i=1 L i ) for all the plants at low flow condition. E. coli can be a proxy for other contaminants (Sikder et al., 2013) and the pattern of microbial pollution we see here could also reflect more general trends. We have implemented the model in MATLAB. Excerpts from the source code and a user guide can be downloaded from DOI:10.5281/xenodo.3242144.
Results and discussion
Validation of the flow generator
A comparison of the actual flow-data from the Kreischa gauging station with the model-simulated discharge indicates that modeled and observed data are congruent both in their timing and magnitude, although peak discharge is often higher for large events in the real data than in the model (Fig. 5) . Nash -Sutcliffe efficiency (NSE) is 0.66 for flow which is categorized as an acceptable performance for hydrological models (Ritter and Muñoz-Carpena, 2013; Moriasi et al., 2007) . Given the simplicity of our model (two linear reservoirs arranged in parallel), this is a reasonable approximation of the actual flow where and when it was observed. Given the hysteresis due to soil moisture and antecedent conditions in real catchments (Penna et al., 2011) , our memoryless and parsimonious model performed well. In catchments where available data is limited, as it is in our study, this basic flow model can compute realistic hydrographs anywhere on the network. With a modern laptop or desktop, distributed time series of almost any length or resolution can be generated fast, with modeled flow characteristics resembling the observed time series. Although our flow model is a classic two-bucket model, we suggest it should be valuable where more complicated models that include many physical processes are not available or their cost (computational or human resources) is prohibitive.
Effect of WWTPs
The concentrations (and descriptive statistics) of cultivable E. coli observed in the sediment upstream and downstream of the WWTPs are reported in Table 1 . The concentrations of total E. coli were two orders of magnitude higher than the levels of cultivable bacteria. The percentage of cultivable to total E. coli downstream (mean 4.53%) of the six WWTPs was also significantly higher (p-value <0.05) than upstream (mean 0.34%). These results confirm that the WWTPs affected downstream water quality. The increase in E. coli concentrations downstream of each WWTP was persistent over considerable distances; concentrations of E. coli remained above the permissible limit even far from the effluent, for example at Gombsen. In highly impacted catchments such as Lockwitzbach, the planning tool we propose would be helpful to investigate alternate effluent discharge configurations. The repeated sampling carried out at the Gombsen WWTP showed an average cultivable E. coli concentration of 23,000, 620 and 1500 CFU/100 ml in the water samples from the effluent, upstream and 100 m downstream of plant, respectively. The concentrations of E. coli recovered from sediments during this study, showed an average cultivable E. coli concentration of 501 CFU/cm 3 (standard deviation of 198 CFU/cm 3 and interquartile range of 250 CFU/cm 3 ) and a 9% rise downstream, further indicating the effect of WWTP in affecting downstream waters.
We also used the data from duplicate samples of stream-bed sediments collected at 16 locations distributed over the catchment in a linear regression model. The observed levels of cultivable E. coli were best explained by the bacterial load from upstream plants adjusted for 1st order loss (p < 0.01), the percentage of sediment organic matter (p < 0.01), and the fraction of fine particles (diameter <0.63 mm, p < 0.05). The three predictors together accounted for 49% of the variance of the observed levels of E. coli where bacterial load alone accounted for 42% of it. We estimated the first order removal rate at 5.2e−05 / s, 2.0e−04 /s and 4.9e−04 /s (50th, 75th, 95th percentiles) with standard deviation of 2.8e−04 / s. The VSEs indicated a fair estimation of the loss constant with 8 monthly samples (standard error 6.7 e−05). This low removal rate further illustrates the long-range effects of upstream WWTPs on downstream water quality. In small streams with limited dilution, hotspots of high contamination can grow large, in particular during the summer low-flow that coincides with the highest recreational use.
Hotspot lengths
Hotspot lengths (L) for each reach (potential effluent discharge location) in the river network were computed over time and space for 20,000 rainfall events (approximately an 8 years time series) Fig. 7 . Probability of hotspot length (L) > 5 km (user/objective defined) for WWTP at the given node, calculated for 6 same sized WWTPs and a loss constant of 5.2e−05/s. which were simulated using the stochastic climate generator. We analyzed these results to propose the optimum number of samesized treatment plants in Lockwitzbach that would generate the minimum total L under critical flow conditions. We generated vulnerability maps that show the probability of each WWTP having their L > L threshold (user/objective defined -default value: 5 km) during the entire simulated time period.
Scenarios for the Lockwitzbach catchment
For the estimated in-stream E. coli loss rate of 5.2e−05 / s, a single large treatment plant for the entire population would always result in unsafe levels. Multiple treatment plants (or effluent outlets from a single plant) distributed across the network could provide a safer alternative. We computed L (in km) for our study catchment with scenarios ranging from 2-12 units of equally sized, de-centralized treatment plants (Fig. 6 ). The model scores the possible configurations (suitable locations and load distributions for the treatment plants) based on their total (low flow) L. The fluctuations in L for reaches with upstream area <20 km 2 shows the impact of network properties on the affected downstream lengths in relatively small streams. The number and distribution of the potential WWTPs can be constrained by the topography, population distribution, sub-catchment size, cost etc. Where building new plants is not feasible, re-routing discharge to the optimal locations may be. Our results suggest that 6 treatment plants would be the best scenario for the Lockwitzbach catchment.
Vulnerability maps
Our model can produce vulnerability maps showing the probability that water is impacted. Fig. 7 shows the probability (i.e., the fraction of time) that L is greater than 5 km at Lockwitzbach for the scenario with 6 WWTPs. Contrary to our expectation to observe a gradual decrease in vulnerability as we move downstream because of dilution effects, we found that vulnerable zones were located around the mid-length of the main stream. This region of the network has relatively high flow velocity arising because of a greater slope. Since the in-stream retention of E. coli is relatively low, the hotspot distance L at any point in the network varies directly with the travel time and flow velocity, but is inversely proportional to flow because of dilution. This implies that non-trivial network properties and their interactions should be considered before choosing the location of treated effluent discharge. The vulnerability map also indicates that even small, decentralized treatment plants should not be located near the confluence to avoid impacting the Elbe.
Effect of in-stream retention and flow on L
We evaluated different WWTP configurations with K d values of 5.2e−5 / s, 2.0e−04 /s and 4.9e−04 / s(corresponding to the mean, 75th and 95th percentiles, see Section 3.2) at low, mean and high flow rates. We computed L in low flow condition with load equally distributed among 4, 6 and 10 outlets (Fig. 8 ). This analysis helps us understand the simultaneous effect of initial load, loss rate and network structure on L. As K d increases, L decreases as expected, but different sections of the network respond differently. Fig. 8 illustrates these non-linear behaviors. For the single WWTP case e.g., the middle of the catchment benefits less from the increase in removal (from 5.2e−5 /s to 2.0e−04 / s) than the upper catchment, but also a stretch downstream. Based on the total load for a catchment, these maps can indicate the optimal number and position of WWTPs. Fig. 9 shows plots of L versus upstream area for low, mean, and high flows, and with loss rates of 2.0e−04 / s (Fig. 9a ) and 4.9e−04/s (Fig. 9b) . For the lower loss rate, L decreased with increasing upstream area, whereas it was more consistent (and of course much smaller) at the higher removal rate. Stream flow did not influence L very much: only a small improvement can be noted between low and mean flow, and even the high flows only decreased L by 10 to 20%. With a sharp increase in the L (at lower rates or with fewer discharge locations), the graphs also indicate the point in the network beyond which it is inadvisable to place a WWTP to protect downstream waters.
Conclusion
The model we developed can identify the optimal distribution of WWTPs in a river network to minimize E. coli contamination. Both the spatial and temporal sampling campaigns showed a rise in the abundance of E. coli downstream of treatment plants, illustrating the need for simple models that can predict pollution across river networks. The vulnerability maps depict the impact of WWTPs on the network at any given time. This information could be used for planning and adapting best management practices. The in-stream loss rate calculated from our samples was relatively low and the model showed that under the observed conditions 6 decentralized treatment plants would minimize the length of river exceeding the safe criteria in the Lockwitzbach network. Our model is designed to work with sparse or discontinuous climate and flow data and provides the optimum number, size and position of treatment plants in a catchment that optimize water quality. Being generic, our model can be applied to any catchment where DEM, precipitation, and flow data are available. By changing the values of the degradation constant or the safe concentration, our model could be adapted for other contaminants with first-order removal. Our simple and practical approach quickly finds the WWTP distribution that minimizes the risk of failing water-quality targets in a watershed.
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